Identifying the yield strength of materials quickly and accurately is the key to realizing defect prediction and digital process control on the production line. This paper focuses on identifying the material yield strength based on bending deformation, analyzing the influence of different die fillets, punch fillets, and die spans on the curve shapes, determining the reasonable dimensions of the device, and developing them. Two methods for rapidly extracting the yield load are proposed-the window vector method (WV) and the fitting residual method (FR)-and compared with the double secant line method (CWA) and the one tenth thickness method (t/10). Because there is no direct correspondence between the yield load and the material performance parameters, the relevant equations were fitted using the experimental data. The linear correlation between load and yield strength determined by these four methods was close to 0.99. Finally, four kinds of sheets with high, medium and low yield strength were tested and compared with the observed results. The result shows that when the yield strength is small, the average error and the relevant model dispersion will increase. As the yield strength increases, the biases increase gradually. The prediction errors based on the t/10, WV, and FR methods were all below 4%.
Introduction
Sheet metal always shows different deformation behaviors during the deformation process, such as rebounding errors [1] [2] [3] , fracture [3] [4] [5] [6] [7] , deformation failure [8] [9] [10] , etc. Many scholars have established mathematical models to predict the above problems based on its mechanism [11, 12] . However, a good prediction model needs to be accurate in two aspects [13] . On the one hand, the abstract mathematical model needs to be accurate with respect to the physical model [14] . On the other hand, the parameters of the established model need to be accurate as well. In any model, some material parameters need to be determined by experiments [15, 16] . If these parameters cannot be identified accurately based on the test data, the accuracy of its mathematical prediction model will be affected [17] . With the introduction of Industry 4.0, people have put forward unprecedented requirements for intelligent manufacturing and agile manufacturing [18] , and the recognition and perception of process information for sheet metal from online equipment is important for both. Furthermore, in addition to meeting the above accuracy requirements, a new method for identifying material parameters is also required in order to increase the measurement speed from online equipment.
The uniaxial tensile test is a comparatively simple deformation experiment, and is widely used in the acquisition of material parameters [19, 20] . However, this test requires the specimen to have a specific shape (dog bone), as well as strict dimensions. Therefore, preparation for the test takes a long time, and the test results are susceptible to clamp deformation and the slipping out of the specimen ends, especially under conditions of small deformation, the result errors of the elastic modulus and the yield parameters will increase significantly. Furthermore, the deformation behavior of some materials is different between the uniaxial stress state and the multiaxial stress state, so the parameters identified in uniaxial tensile experiments can be only poorly generalized. In light of these problems, some scholars have used biaxial tensile specimens to test the multidirectional behavior of materials [21] [22] [23] [24] . Other scholars have used small punch tests to test multidirectional behavior, as well. Chica et al. studied the elastic modulus of materials based on this experiment [25] . Chica et al. studied how to identify the yield parameters of materials based on this experiment [26] . Priel et al. modeled and analyzed the material strength and obtained the identification method of material strength [27] . However, the elastic deformation stage of this experiment is very short, and high-precision equipment is required to ensure the accuracy of its elasticity and yield identification [28] . These requirements make this method applicable only to specific industrial situations or laboratory conditions. In a word, it is very important to find a new method that not only meets the rapid demand for intelligent production, but also meets the requirements with respect to measuring material parameters in offline laboratory conditions.
Bending deformation mode is common in sheet metal forming [29] , and is able to meet the above requirements. Some scholars have used bending deformation to test bendability [30] [31] [32] . However, how material parameters can be acquired based on the bending test is a problem worthy of more discussion. Recently, some scholars have used the online data to control the bending process [33] . Wang et al. used the force stroke curve to analyze the processing parameters [34] . Imai et al. used the force stroke curve to identify the fracture parameters [35] . According to the experimental curve, it remained linear in the early stage and became nonlinear after it entered plasticity. The curve characteristics of the transition stage are related to the yield strength of the test material. However, the elastic phase of this experiment is longer than that of the small punch experiment, which greatly relaxes the requirements of measurement accuracy. In addition, the comprehensive information from the bending curve is related to the yield parameters, but there is no direct correspondence. It needs to be transformed indirectly between the curve and the yield parameters by means of a mathematical method. At the same time, the characteristics of the transition curve are related to the geometric dimensions of the punch fillet and other geometry in the bending device. It is necessary to determine the internal mechanism of influence of the geometric dimensions in the bending device on the characteristics of the transition curve, and then provide a scientific answer for how to improve the test accuracy based on the device. Therefore, the focus of this paper is to propose an identification method of yield strength. Using the identification method for testing, without the participation of testers in the evaluation, can avoid the subjectivity of testers. The results obtained by different testers using the same data are objective and consistent, which is very helpful for scholars in evaluating new materials and carrying out performance grading between different materials. In a word, studying the material parameter measurement through bending deformation is of great value, both in terms of the automatic identification of material parameters by online equipment and in terms of the measurement of material parameters using an offline experimental device. This paper focuses on the identification of the yield strength of sheet metal that is fluctuating, and the analysis of the accuracy and dispersion of different automatic identification algorithms, which will lay a solid foundation for the development of material parameter identification sensors in the production line.
Methods and Materials

Design of Test Equipment
In the free V-bending test, the sheet metal is placed on two die columns, and then the punch moves downward to complete the test. The test device is shown in Figure 1 , where r p is the punch fillet radius, r d is the die fillet radius, w is the die span, and the test device is able to adjust the die span. The force stroke curve extracted in the bending test will be affected by these three parameters. Under the same bending stroke and the same material, when one of these three parameters changes, the bending force will be affected, and then the shape of the whole force stroke curve will also be changed. The following section focuses on the analysis of the impact of these three parameters on the curve shape, and finds the best combination of geometric parameters of the test device for identifying the yield strength of the sheet. 
Establishment of the Finite Element Model
To analyze the influence of different parameters on the force stroke curve, the finite element method was used to simulate and analyze the V-bending experiment. In ABAQUS (6.10 version, Dassault Systèmes Simulia Corp, Johnston, RI, USA), the implicit algorithm was used to establish the prediction model, which is shown in Figure 2 . The punch and the die were set as the analytical rigid body, and the four-node plane strain element CPS4 was selected to mesh the sheet. The surface contact relationship was set between the upper surface of the punch and the sheet and between the lower bottom surface of the die and the sheet. The actual surfaces of the punch and the die were relatively smooth, so the friction coefficient was set as 0.05. To improve the stability and convergence of the model and reduce the rigid displacement of sheet, the reference point of the punch was set to have fixed boundary conditions, and the corresponding bending stroke was applied to the reference point of the die. 
Stress-Strain Relationship
The Ramberg-Osgood equation was created to describe the nonlinear relation between stress and strain, especially the material property near yield points. This is useful for metals that harden with plastic deformation, showing a smooth elastic-plastic transition.
The Ramberg-Osgood model was used to describe the plastic stress-strain relationship of the materials, where Formula (2) is the calculation method of the hardening index. For example, Calaf-Chica used this equation and the small punch test to identify the parameters of materials; by setting the corresponding yield parameter and elastic modulus, the hardening index of materials can be calculated as follows:
where ε offset is the offset strain, n is the hardening index, and σ y is the yield parameter of the sheet. E is the elastic modulus. To analyze the influence of different material parameters on the force stroke curve, two materials of high yield and low yield were selected for comparative analysis. To facilitate subsequent analysis, they were marked as MYH and MYL, respectively. The elastic modulus of the two materials is 200 GPa, Poisson's ratio is 0.3, n is 6.95, and ε offset remains unchanged at 0.002. Their yield stresses are 100 MPa and 1400 MPa, respectively. These two hypothetical materials were used to analyze the shape changes of the force stroke curve.
Influence of Test Device Geometric Parameters on Curve Shape
To analyze the influence of different span on the curve shape, the punch with a fillet radius of 5 mm and the die fillet radius of 10 mm was used to perform bending experiments on the sheet. The die span was between 20 and 50 mm. The bending force stroke curves of the MYL and MYH material under different spans is shown in Figure 3a ,b, respectively. As can be seen from the curves in the figure, there are linear and non-linear turning points in the curve under different die spans. As the stroke increases, the curve gradually decreases after reaching the peak point. When the span is 20 mm, the linear and non-linear turning points and peak points of the curve are the highest, while when the span is 50 mm, the linear and non-linear turning points and peak points of the curve are the lowest. With the increase of the die span, the difference between the turning point and the peak point gradually becomes smaller. The overall shapes of the MYH and MYL curves at different spans are similar. The stroke of the peak point is similar, but the stroke of the linear and nonlinear turning points on the curve increases, the distance between the turning point and the peak point decreases, and the curvature of the transition stage of curve decreases. Therefore, the curve turns significantly with the greater span before and after the turning points, but bending experiments using a large span require longer specimens. To analyze the influence of different die fillet radii on the bending curve, there are several curves with different die fillet radii under different spans shown in Figure 4 , and the die fillet radii are selected from three sets of 10 mm, 20 mm, and 30 mm. It can be seen in Figure 4 that the die span is 30 mm, 40 mm, and 50 mm. With the same die span, the bending curve exhibits small differences before the turning points. However, after the turning points, the differences gradually increase with the increase of stroke. Additionally, with the same span, increasing the die fillet radius will lift the force stroke curve, and the peak point will move forward. From the groups of 10-30 mm, 20-40 mm, and 10-40 mm, 20-50 mm, when the die has different spans, the turning points of the curve will also be different. As the bending stroke increases, the actual inner span of the deformation gradually approaches, and the curve tail gradually approaches as well. It can be seen from the figure that the laws of the MYH materials are similar. To analyze the influence of different punch radii on the bending curve, several curves with different punch fillets are shown in Figure 5 . The punch fillet radius is selected from 5 mm, 6 mm, 7 mm, and 8 mm. It can be seen from Figure 5 that when the stroke is small, the sheet curvature radius under the punch is large, and the sheet is completely free to bend. In this state, there is no phenomenon of contact to the punch, and the difference of forming curves under different fillet radii is small. When the stroke is large, the sheet curvature radius below the punch gradually decreases. When it decreases to the same radius as the punch fillet, it will come into contact with the punch.
The deformation resistance of the sheet after that will increase, and the curve will rise a little, but the range of increase is small. It can be seen from the comparison of Figure 5a ,b that the rising point of the curve caused by this phenomenon is more advanced for materials with small yield stress, while the rising point of the curve for materials with higher yield stress is delayed. In summary, if a longer length is allowed, the bending test device should be tested with a larger span, if possible. Increasing the die fillet radius can increase the force stroke curve after the turning points, reduce the degree of nonlinearity of the curve, and further improve the linear fitting correlation of the data, which is conducive to the recognition algorithm. When the sheet is deformed to a certain extent and sticks to the rounded corners of the punch, the force stroke curve can be slightly raised, but interaction between the punch and the sheet is introduced. Based on the above analysis, in the subsequent parameter identification experiments, a set of geometric parameters with a die span of 30 mm, a die fillet of 20 mm, and a punch fillet of 5 mm are selected.
Identification Algorithms and Materials
At present, some scholars have shown a linear relationship between yield load and yield strength of materials, which can be expressed by the following formula:
However, this method has the following problems:
1.
The force stroke curve obtained by a given test device is a synthesis of material properties, and the yield load may be related to more material property parameters. To improve the prediction accuracy, the extracted yield load value should be more related to yield strength, reducing the influence of other parameters.
2.
By comparing and analyzing the dispersion of different methods for yield strength prediction, a relatively stable recognition algorithm is determined. Combined with references and the characteristics of the bending force stroke curve, four methods are analyzed to explore the prediction accuracy and dispersion of yield strength.
t/10 Method [26]
The sheet thickness has a great influence on the force stroke curve. With the increase of the thickness, the corresponding yield load and yield stroke increase. This method refers to the method of the stress-strain curve in the uniaxial tensile experiment to determine the yield point, maintains the slope of the elastic stage line of the load curve without change, translates the line t/10 to the right, and takes the load at the intersection point of the new line and the load curve as the yield load. The typical determination process is shown in Figure 6 . 
"Double Secant Line" Method (CWA [26])
The force stroke data before the maximum load point was extracted, and curves were drawn, as shown in Figure 7 . Two straight lines were used for fitting before and after the turning point. The turning point coordinates were set as (h y , P y ), and the fitting equation was constructed as follows:
where the first line reflects the deformation behavior in the elastic stage, and the second line reflects the deformation behavior in the plastic stage. The intersection point P y of the two secant lines is the yield load. The least squares method is used to fit the above equations to minimize the errors. 
Window Vector Method (WV)
Firstly, the experimental data were filtered by least squares smoothing and normalized, and then the vector corner of the experimental data was extracted by window vector A and B. Then the vector corner data was filtered by least squares smoothing. Finally, the yield load P y at the maximum corner was extracted. The typical determination process is shown in Figure 8 . 
Fitting Residual Method (FR)
Firstly, the force stroke data was obtained as a continuous row data set, and then, starting from the third row, the data of the current row and the previous rows were linearly fitted, and a residual value was output at the current stroke point. The residual values of all the stroke points were drawn in a curve, as shown in Figure 9 . When the residual value of the curve begins to increase, this indicates that the algorithm has been calculated at the turning point of force stroke curves. Therefore, the yield load is determined as shown in Figure 9 . 
Materials
To analyze the effectiveness of the algorithm, 36 hypothetical materials were suggested in the references [26] , in which the elastic modulus E is assumed to be 200,000 MPa, and the Poisson's ratio is 0.3. According to the yield strength, the materials are divided into nine material groups (100 MPa, 250 MPa, 400 MPa, 550 MPa, 700 MPa, 850 MPa, 1000 MPa, 1200 MPa, and 1400 MPa). Four Ramberg-Osgood coefficients n, namely, 6.95, 8.95, 14, and 35, were selected from each material group. All material parameter combinations are shown in Table 1 . The ABAQUS finite element simulation model was established to predict the force stroke curve by using the above materials. In this paper, the isotropic constitutive model is selected for simulation, and the Ramberg-Osgood model was discretized into the identifiable hardening data by using the ABAQUS program, and the data was imported into software to complete the establishment of the finite element model. 
Results
FEM Results
After the finite element calculation of 36 hypothetical materials M1.1-M9.4 had been completed, the result file of ABAQUS was processed. The load stroke curves of the four n are shown in Figure 10a when the yield strength is 100 MPa. It is obvious that the load curve increases gradually as the coefficient n decreases. After the turning point, the load curve increases and then decreases after reaching a peak point. When n decreases, the peak point increases, but the yield turning point of the curve remains unchanged, and the convexity of the curve increases. When the yield strength is 250 MPa, the load stroke curve under four n is shown in Figure 10b . It can be seen that when n is reduced, the overall change rule is similar to that of 100 MPa. The overall shape of the curve changes little, but the overall curve and the turning point both move up a certain distance. The load at the turning point is positively related to the stress in the material constitutive law. When the yield strength is 400 MPa, 550 MPa, 700 MPa, 850 MPa, 1000 MPa, 1200 MPa, and 1400 MPa, the curves are shown in Figure 10c -10i, respectively. With the increase of yield strength, the load at the turning point of the curve increases gradually, and the displacement at the turning point also increases. In the actual deformation, the increase of yield load and yield displacement on the curve is helpful for the algorithm to extract the characteristic data. The above data were processed using the methods described in Section 3. To improve the comparability between sheets of different thicknesses and the objectivity of the data results, the load results were divided by the square value of corresponding sheet thickness. The results of 36 hypothetical materials are shown in Table 2 .
In Table 2 , every four rows constitutes a group, and within one group, there are the predicted results of materials with the same yield strength and different Ramberg-Osgood coefficients n. To analyze the influence of different n on the prediction results, the relationship between yield load value and yield strength identified with different n was compared, as shown in Figure 11 , where the relationship between yield load and yield strength identified by the t/10 method is shown in Figure 11a . It can be seen from Figure 11 that different n have certain influences on the identification of yield load. When the coefficient n increases, the yield load identified by this method decreases. It can be seen from Figure 11a that when the coefficient n increases, the force stroke curve moves down as a whole, and the curvature near the yield points increases, which will cause the load curve to drop slightly. This phenomenon will lead to a certain degree of dispersion of the identified results. When the yield strength is small, the t/10 method produces a dispersion value of about 2 MPa. Similarly, when the yield strength is large, the dispersibility increases, and its value is about 86 MPa. Compared with this method, the recognition result of the CWA method is shown in Figure 11b . It can be seen that when the coefficient n increases, the yield load value recognized by this method also decreases, and the law is similar to that of the t/10 method. When the yield strength is small, a dispersion value of 3 MPa is produced. When the yield strength is large, the dispersion value increases, with a value of about 181 MPa. The identification results of the FR method are shown in Figure 11c . When the Ramberg-Osgood coefficient n increases, the yield load value identified by this method also decreases, and the rule is similar to that of the above two methods. When the yield strength is small, a dispersion value of 7 MPa is produced. When the yield strength is large, the dispersion increases, with a value of about 29 MPa. It is obvious that when the yield strength becomes larger, the dispersion value decreases. The results of the WV method are shown in Figure 11d , which is the same as the above three methods. When the coefficient n increases, the yield load recognized by this method increases. According to the data analysis of the above four methods, it can be concluded that the yield load determined by each method is positively related to the yield stress. Although it has a certain degree of dispersion, all yield strength and yield load can be regarded as approximately linear. After fitting Equation (1) using the least squares fitting method, the fitting curves were drawn using the t/10 method, CWA method, WV method, and FR method, as shown in Figure 12 . The correlation coefficients of the fitted straight lines for each experimental data are shown in the figure. It can be seen that the correlation coefficients of the three methods of t/10, WV, and FR exceed 0.99, while the correlation coefficient of the CWA method is about 0.98, which is the lowest one, but the data fitting effect of this method is very good. The fitting equations of yield load data identified by the four methods are presented as Equation (5), Equation (6), Equation (7) , and Equation (8), respectively.
The fitting equation of the t/10 method:
The fitting equation of the CWA method:
The fitting equation of the WV method:
The fitting equation of the FR method:
σ y = 1.44585 P y t 2 + 37.32882 (8) Figure 13 shows the average prediction errors of each method. It can be seen from the M1 group that the average error predicted by the four methods is higher than the average errors of other yield strengths. When the yield strength is small, the absolute value of the yield strength is low, and the slight dispersion will increase the average error. At the same time, when the yield strength is low, the elastic stroke is short, and a small stroke error will increase the prediction error in the elastic stage. When the stroke is small, the results are greatly affected by the interference factors. Among the eight materials M2-M9, the average yield strength error predicted by the four methods generally decreases, but the deviation results in an increase in yield strength. The overall prediction deviation is relatively stable in the eight materials M2-M9. The maximum point error of the t/10 method in the whole yield range is 4.1%, which appears in the M2 group. The maximum point error of the CWA method in this yield range is 6.3%, which also appears in the M2 group. Except for the M1 and M2 groups, the CWA prediction error increases with the increase of yield strength. The law of the t/10 method is irrelevant. The maximum point error of the WV method in the whole yield range is 2.3%, which appears in the M5 group. The maximum point error of the FR method in this yield range is 2.1%, which appears in the M4 group. 
Experiment and Results
To verify the correctness of the above methods, four materials were selected for verification. The parameters of the four materials are shown in Table 3 . The elastic modulus, yield strength, stress strength limit, and fracture strain are given. Among these materials, DP980 has a high yield, ST12 has a low yield and high plasticity, SUS304 and AL6061 have medium yields, and AL6061 is a non-ferrous metal. Their bending force stroke curves are shown in Figure 14 . To increase the comparability between different materials, the curves of different materials are divided by their actual width, and then multiplied by 35 mm. It can be seen that DP980 has a higher yield load and a larger yield transition curve. For ST12, AL6061, and SUS304 sheets, their yield transition curves have a larger curvature and a faster transition. The comparisons of final yield prediction errors are shown in Table 3 . The above methods were used to test four experimental materials, and four methods were used to identify the data. The yield load data identified by different methods are shown in Table 4 . The yield strength calculated by the above-mentioned linear equation is shown in Table 5 . The first-order term coefficient of the above linear equation is greater than 1, and the constant term coefficient is greater than 0, so the yield load obtained in Table 4 is smaller than that in Table 5 , and the yield load is relatively unchanged. The yield strength calculated by the different methods described above was compared with the yield strength of the uniaxial tensile test data. The corresponding prediction deviations of the respective models are shown in Figure 15 . It can be seen that when the material type changes, the predictive model deviation is different. Among them, ST12 has a low yield. When the prediction deviation is similar to other materials, the relative deviation is larger than other methods. The maximum error predicted by the CWA method for the ST12 is about 25%, and the minimum error predicted by the WV method is about 6%. In the comparison of the four methods, it is found that the prediction error by the CWA method is the largest, and the relative value of the predicted error changes with the change of materials. For materials with medium and high yields, the prediction errors by the three methods of t/10, WV, and FR are all below 4%, which can meet many technical and industrial requirements. The relevant model is simple in form, which can greatly improve the prediction efficiency and facilitate the embedding of chips to construct online sensors. 
Conclusions
(1) Based on the research on the geometric combination of the test device, it is concluded that the span of the bending test device should be selected to be as large as possible for experiments when the slab size allows. Increasing the fillet of the die can lift the force stroke curve, reduce the non-linear degree of the curve, and improve the linear fitting correlation of the data after the turning point, which is conducive to the recognition algorithm. When the metal sheet deforms to a certain extent and comes into contact with the punch fillet, the force stroke curve can be slightly increased, but interaction between the punch and the metal sheet is introduced. A group of geometric parameters, including a die span of 30 mm, a die fillet of 20 mm, and a punch fillet of 5 mm, was selected. (2) The WV method and FR method were proposed in this paper. In the WV method, the vector angle data of the experiment data are extracted by the window vector, and the yield load at the maximum angle is also extracted. In the FR method, the residual values at all points are output. The increase of the residual values means that the turning point of the force stroke curve has been reached. With CWA and t/10, the linear correlation between yield load and yield strength determined by the four methods is close to 0.99, while the WV method and FR method are relatively stable and easy to program. (3) When the yield strength and absolute value of yield strength are small, the average errors and the dispersion of related models will increase. At the same time, when the yield strength is low, and the elastic stroke is short, small stroke errors will increase the prediction errors in the elastic stage. When the stroke is small, the results are greatly affected by interference factors. With increasing yield strength, the deviation results increase gradually. For experimental materials with medium and high yields, the prediction errors of the correlation model identified by t/10, WV, and FR were less than 4%, and the prediction deviation was stable. The three methods have certain dispersion degrees, but these methods are relatively simple, and can be embedded in the data processing unit to develop an intelligent sensor for identifying yield strength. 
